To solve the problem of track failure in railway system, integrative design of an emergency resource forecasting-scheduling-repairing method is proposed in this paper. In the current railway repair process, resource dispatching centers dispatch transport resources to the fault point for the repair work. In order to optimize this process, a hybrid prediction method consisting of radial basis function neuron network (RBFNN) and expert prediction method to rationally predict repair resources is proposed. In order to optimize the resource transportation path and reduce the transportation cost, a bi-objective resource scheduling method is presented in this paper. A fuzzy evaluation method combining with the prospect theory to optimally select the repairing for the repair work is formulated. Finally, experiment studies are carried out and the results illustrate the effectiveness of the proposed method. INDEX TERMS Railway system failure, resource scheduling, emergency repair, hybrid prediction, fuzzy evaluation.
I. INTRODUCTION
Railway transportation is a kind of land transportation, in which trains and vehicles are driven by locomotives on two parallel rails [1] - [5] . At present, railway system is one of the most important means of transportation that people can choose to travel in China [6] . For a railway system, it generally has the following characteristics [7] : It is a public system (open to everyone); it has many points of entry and exit; it is inter-connected through a vast range of transportation modes. These characteristics increase the vulnerability of railway transportation system to some failures [8] . Generally, reasons of common failures include accidents, rolling stock breakdowns, track damages and bad weather conditions. Therefore, there are three events which are needed in the railway system to ensure its normal operation: 1. The detection part [9] , [10] , which is used for the real-time monitoring of the operation of the railway system; 2. The optimal scheduling part of trains [11] , [12] , which is used to optimize the running condition of The associate editor coordinating the review of this manuscript and approving it for publication was Keli Xiao . skipping train according to the detected data; 3. The repair part, which is used to complete timely repair for railway failure [13] .
Unexpected railway events require elaborate traffic management and timetable rescheduling. Therefore, running time supplements and buffer times are introduced into timetables [14] . However, these supplements can compensate only for small disruptions. Train delays, such as longer dwelling time at stations in peak hours, and large disruptions, such as partial or complete blockades of a track segment, have a different impact on the timetable and require a different solution approach. For these problems, there is the dynamic train traffic management proposed in [15] for maintaining punctuality of the trains and minimizing the consequences of the delays.
An essential prerequisite for the competitiveness of rail transport is the reliable operation of the railway lines, which are crucial components in the rail industry [16] . As typical mechanical systems, tracks are prone to faults and failures. For example, since 2009, there have been many accidents occured due to track defects [17] . Major failures of railway tracks can cause heavy economic losses, lawsuits, huge delays in recovery operations and, in extreme cases, fatalities. The severe consequences due to track defects increase the pressure to maintain rail tracks in a good state of repair. At present, there are also some relevant emergency repair methods, such as the condition-based preventive maintenance designed in [18] , where maintenance actions are taken depending on the current state of the system after each inspection. The focus of [18] is related to condition-based preventive maintenance at discrete time intervals. After an inspection, it considers three maintenance actions: no action taken on the system, minor maintenance work to restore the system back to the previous working state, or major maintenance work to greatly restore the system to much better conditions. And in [18] , minor maintenance refers to preventive tamping, while major maintenance refers to corrective tamping [19] .
From the above studies, it can be found that when a rail fault occurs in railway system, the fault point through the detection link can be located, and then the timetable can be changed by scheduling link to gain time for repair work. In this case, the emergency repair is also the key to ensure the normal operation of the railway system. However, the following problems in the current repair methods have not been considered: 1. Current emergency repair has not estimated the resources needed to repair the failure in advance. In many cases, there may be excessive resources or insufficient resources. This will result in waste of resources or delay in repair time; 2. At present, many emergency repair strategies do not take into account how to choose the best transportation route of emergency materials. Many emergency repair strategies often assume that the repair team can directly deliver resources to the failure point. However, in actual, repair centers often cannot directly deliver resources to the failure point. Therefore, corresponding solutions should be designed for this problem; 3. Each repair center may have many teams, but how to choose the best team? This is also a problem that many repair strategies do not take into account.
To realize emergency repair of railway under track fault, we will design a novel solution strategy to integrate complete resource prediction, resource scheduling and repair works. Compared with the existing literature, the innovations of our strategy are as below: 1) We have completed the integrated design of prediction, dispatch and repair; 2) The proposed hybrid prediction method has higher prediction accuracy and can predict the required repair resources more accurately;
3) The proposed bi-objective optimization strategy can take transportation length and economy into account. In this case, the best transportation path can be determined; 4) Based on the proposed fuzzy evaluation method, we can consider both the present and future repairing effects, and then solve the problem of how to select the best repair team.
The main contributions are as follows.
• To reasonably predict emergency resources, a hybrid prediction method including DDQL-based RBFNN and expert prediction method is proposed. The proposed method can reasonably predict the human and material resources needed for emergency repair, which will not delay the progress of repair and avoid waste of resources.
• To select a reasonable transportation path and reduce transportation cost, a bi-objective resource scheduling strategy is proposed. Through the proposed strategy, the resource transportation path and the repair cost can be effectively reduced.
• To reasonably select the most suitable repair team in a resource dispatching center, a fuzzy evaluation strategy combining with prospect theory is proposed. Based on the proposed strategy, we can select the repair team with the best repair effect and forward-looking choices. The rest of this paper is organized as follows. Section II introduces the overall scheme of the designed integrated repair strategy. Section III introduces the design of hybrid prediction method. The resource scheduling method with bi-objective is formulated in Section IV. Section IV presents the method of evaluation method for repair team. The corresponding experimental results are shown in Section V. And the conclusions are collected in Section VI.
II. OVERALL SCHEME OF THE INTEGRATED REPAIR STRATEGY
The targets of the proposed integrated repair strategy include: Reasonable emergency resources prediction; effective selection of the best transportation path and reduction of the transportation cost; selection of the most suitable repair team to complete the emergency repair work.
Our proposed operation process for emergency resource scheduling and repair is shown in Fig. 1 . This process consists of three parts, which are the resource prediction part, resource scheduling part and fuzzy evaluation part. The hybrid prediction part is used to estimate the emergency resource requirements. The resource scheduling is used to find the shortest total distance from repair centers to the accident point and the minimum transportation cost. The evaluation part is used to select the appropriate team in repair center.
When a major rail failure occurs, the emergency response strategies designed are as follows (see also Fig. 1 ). First of all, the fault location part will send the information of the accident point to the resource dispatching center through the communication equipment. Then the resource dispatching center can make relevant responses according to the transmitted fault information. The first step of this response process is resource prediction. According to the fault information transmitted from the accident point, the dispatching center will use the hybrid prediction method consisting of RBFNN and expert prediction to forecast the amount of possibly required emergency resources, where the demand for emergency materials at accident points is often uncertain and prediction is thus needed. The second step in the response process is resource scheduling. When the railway fault happens, one or more repair centers may deliver relief supplies to the accident point. However, because the railway route from each repair center to the accident point may not be unique, finding the shortest path from resource dispatching centers to the accident point is beneficial to shorten the transportation time of rescue materials, speed up the emergency repair time, and reduce the railway interruption time and economic losses. Based on graph theory [20] and path planning, the shortest railway transportation distance from resource dispatching center to accident point is taken as the objective function, and reasonable constraints are formulated. Meanwhile, the dispatching center takes the minimum transportation cost as the objective function to establish the optimization model, which minimizes the transportation cost. Intelligent algorithms (e. g., PSO or GA etc.) are used to solve the obtained optimization problem, the shortest total distance from each resource dispatching center to the accident point is obtained, and the emergency resource scheduling strategy under major fault is obtained. In the resource dispatching center, a fuzzy suitability evaluation method is used to evaluate the suitability of the rescue teams, so that a rescue team with the best fit expertise is selected to participate in the fault point rescue, which is beneficial to the acceleration of the emergency repair work and thus shortens the time of emergency repair.
III. FAULT LOCATION DESIGN
At present, many fault location methods based on prediction methods have been used in railway systems, such as those in [21] - [24] . According to existing studies, we know that rail failure is related to many factors, such as human factors [25] (e. g., traffic flow, etc.) and external factors [26] , [27] (e. g., rail aging conditions, average temperature and relative humidity, etc.). Successful fault location is a prerequisite for subsequent emergency repair work, which is mainly based on historical data and predicted data. In general, the corresponding steps can be simplified as follows:
1. First of all, for each section of the railway, a large amount of historical data (including human factors and external factors, etc.) should be collected;
2. Based on these historical data, we use prediction method (e. g., neural network) to simulate the relationship between the degree of rail damage and these factors. To describe the degree of rail damage, the following definitions are made according to the standards of China Railway Administration: The fracture of rail end (or top) is less than 15 mm (or 4 mm), which belongs to slight injury; otherwise, it is considered as severe injury, which is prone to failure. In this process, we record the trained neural network as NN Train . For the track i in day t, we have to predict the external factor data of every hour based on the external factor data of the day t − 1. Meanwhile, we can get the hourly traffic flow on day t according to the timetable; for the rail usage age, we can also find it directly from the railway administration.
By using the predicted environmental data and timetable as input of NN Train , the damage degree Si of track i in the day t can be obtained;
3. If Si exceeds the allowable range, it is prone to failure. In summary, we can judge whether the predicted track has fault based on historical data and predicted data.
IV. RESOURCE PREDICTION DESIGN A. HYBRID PREDICTION STRATEGY
The purpose of the hybrid prediction combing of RBFNN and expert prediction method is to reasonably predict the required emergency resources, i. e., human resources and material resources. As shown in Figure 1 , we use the combination of RBFNN and expert prediction method to predict. Among them, RBFNN has the advantage of good non-linear fitting effect; while expert prediction has the advantage, which of not be limited by the prediction model, and can directly get the prediction results [28] . In RBFNN prediction, the input data are the degree of the fault node, and the length of interrupted railway; while the corresponding output is the quantity of required material resources and human resources. Based on [29] , in general, the relationship between the input and output in RBFNN is
where x = [x 1 , x 2 , · · · , x n ] ∈ R n is the input vector; y = [y 1 , y 2 , · · · , y s ] ∈ R s is the output vector; w sj is the weight between the jth hidden layer neuron and the sth output layer neuron; g j (x i ) is a kernel function of hidden layer neuron, which is generally the Gaussian kernel function.
where c j is the center of the jth neuron in the hidden layer; σ j is the variance of the jth neuron in the hidden layer; exp represents the exponential function. In the training process, the following parameters need to be selected: k,c j ,σ j and w sj . For these parameters, we propose a growing and pruning (GAP) algorithm based on deep Q-learning to determine them. The specific process is as the following. If a new sample is added to the RBFNN, the process of GAP algorithm can be described as below: We need to judge whether we need to execute the growing algorithm. If yes, we will calculate the parameters of the new hidden layer neuron according to the data. If not, we need to do an operation called ''parameter adjustment'', and then execute the prune algorithm. See the specific introductions of above processes as below [30] .
1. The process of growing: First, we assume that the parameters are as follows: the number of centers in the current hidden layer neurons is M , i.e., the central positions are c 1 , c 2 ,· · · ,c M . For the newly added sample x n , if it becomes a new hidden layer neuron, the following conditions must be satisfied:
where C cn is the closest central point of the hidden layer neuron to the x n ; ε n is the distance threshold and the size of the value decreases exponentially with the test process of the sample until it reaches the minimum value ε min . The meaning of the first inequality is that the new center must be far from the other centers. In the second inequality, e min is the contribution threshold, and E sig (x n ) represents the ''contribution'' of x n . In general, there is
where κ is the width attenuation factor of the radial basis function; l is the dimension for input sample; L(x) is the size of the input sample; e n represents the error of the output result of the neural network when x n is used as the input of the neural network. If x n satisfies the growth condition, it will be a new center of the hidden layer neuron. The corresponding parameters are
where c M +1 ,σ M +1 and w M +1 are the new central position, new width values and new output weights, respectively. 2. The process of parameter optimization: When the input sample does not satisfy the growth condition, a DEKF method is used to adjust these parameters (i.e., the center of base function, the variance of base function and the weights of output layer) of the neuron nearest to the current sample. Compared with the EKF method, the computational time and complexity of DEKF are greatly reduced [17] . The specific equation is
where R(n) is the variance of measure noise; B(n) is the partial derivative of the output to these parameters; P(n) is the error covariance matrix; K(n) is the Kalman gain vector; W (n) is a parameter matrix; e(n) is output error; Q(n) is a noise to avoid the local minimum convergence. The key of the DEKF method is that it can neglect the correlation between neurons, i.e., it ignores the interactive elements in P(n).
3. The process of pruning: After parameter optimization, it needs to recalculate the contribution E sig (c cn ) of the neuron. If the contribution is less than the threshold value e min , the hidden layer neuron will be ''pruned'':
In other words, when the hidden layer neuron meets the Eq. (7), it will be removed from the neural network.
According to GAP algorithm, the parameters of hidden layer in RBFNN can be updated adaptively. However, this update may take a lot of time to obtain a good effect. This is because at the beginning, we directly use the first input data as the hidden layer neurons, and then complete the subsequent growth, parameter adjustment and pruning operations. In this way, once the initial input is not selected properly, the completion time of GAP algorithm will be delayed. To make RBFNN automatically select the most suitable parameters of hidden layer, we design a method based on DDQL. In this way, we take those newly introduced neuron satisfying the growth condition into the state set.
However, once the initial RBFNN has fewer parameters and the predicted object has stronger non-linearity, it will increase the time to construct the Q matrix. To solve this problem, we automatically obtain the corresponding Q matrix based on DDQL in this study.
B. DESIGN THE DDQL-BASED GAP ALGORITHM
The simplified structure of DDOL algorithm is as Fig. 2 [31] . It is found that the DDQN can use experience playback mechanism to store data from external environment as samples in the form of memory units. And then, the learning algorithm will randomly select samples as input of current network, which disrupts the correlation of samples. On the other hand, when we calculate the objective function, the target network Q − will be selected to replace the current network Q. After C-step iterative calculation, the Q − of the target network will be also updated, i.e., the Q in current network will be copied to the Q − in target network. In this way, this DDQL can reduce the correlation between the current network Q and the target network Q-. In addition, there are two sets of different parameters in DDQN: θ and θ − . Among them, θ is used to select the action corresponding to the maximum of Q; θ − is used to evaluate the value of Q corresponding to the optimal action. The two sets of parameters are separately used to accomplish the action selection and strategy evaluation, which reduce the risk of overestimation of Q value. At last, the Q will be updated in the following way (i. e., the objective function):
where Q Double t is the final Q matrix obtained; R is the reward matrix; S is the state matrix; and t represents the number of iterations. Generally, γ = 0.01. In each iteration, the actual Q will learn the Q − with the learning coefficient γ . The error between Q − and the actual Q is in a very small range, which reduces the difficulty of finding the optimal solution. In addition, DDQL uses the neural network Q (S, a;θ) to approximate the value function. Among them, θ is calculated by minimizing the loss function as
where θ i is the parameter of the current network in the ith iteration; θ − i is the parameter of the objective network in the ith iteration. θ i is updated in real time, and the θ − i is updated after each c iterations; Q(S , a , θ − i ) is the output Q-matrix of the target network., S and a are parameters in the target network.; Q(S, a; θ i ) is the output Q-matrix of the current network. If the loss function is differentiated from θ i , then
From Eq. (7), the updating formulas of θ i and θ − i are
where θ i+1 and θ i+c are the network parameters of the (i+1)th iteration and the (i + c)th iteration respectively. Based on Eq.
(10) and (11), the estimated Q function by deep learning is
In summary, the DDQL firstly uses experience playback mechanism to store the collected data in real-time in the form of memory units (S t , a t , R t , S t+1 ). Then, the algorithm takes randomly selected samples as the input of the current network and obtains Q(S t , a t , θ). Furthermore, the loss function is obtained by the target network with delayed C steps. Finally,θ is updated by gradient descent method, andθ − is updated in every C step to get the target Q.
The specific design process of DDQL is as follows.
Step 1. Design the state set In this DDQL, the new neurons meeting the growth conditions or prune condition can be selected as state sets. The judgment results on whether different neurons would satisfy growth conditions are different, so each new neuron has different effects on the original RBFNN. According to the analysis in the above subsection, there are three kinds of sample elements in the state set: the sample satisfying the growth condition; the sample which satisfies neither the growth condition and nor the prune condition; the sample that does not satisfy the growth condition but satisfies the prune condition. According to these three cases, we will design the corresponding switching instructions (action sets) to adjust these parameters in hidden layer. See the specific design in the following text.
Step 2. Design the action set In RBFNN, the so-called ''action set'' refers to the action of newly added neurons and neurons in hidden layer. For these neurons, the action set we designed consists of three kinds of actions: The newly added neuron growing into new hidden layer neuron; parameters of hidden layer neuron with the closest Euclidean distance between the newly added neuron are updated; the hidden layer neuron with the closest Euclidean distance between the newly added neuron are removed from the RBFNN. To evaluate the results of the three operations performed on RBFNN, we have designed the following feedback.
Step 3. Design the reward in Q learning The Q matrix is used to reflect the effect of action execution, and its size is directly related to the size of the reward after accomplishing the action. In this study, our designed feedback includes two parts: Prediction error, and the number of neurons in the hidden layer. In addition, the feedback value is negative. Thus, RBFNN can use fewer hidden layer neurons to achieve a higher prediction effect.
where Error RBFNN is the prediction error of RBFNN; Number Neuron is the number of hidden layer neurons. So far, the design of RBFNN is completed.
In summary, the pseudo codes of the contributed DDQL-based GAP algorithm are given below. 
C. DESIGN THE PREDICTION PROCESS
RBFNN has strong non-linear approximation ability; the expert prediction method does not need to know the specific mathematical model of the predicted object. It only relies on the rich experience of experts, combined with the situation of the fault situation, to complete the prediction work [32] . As Figure. 3 shows, the hybrid prediction process proposed in this paper can be roughly divided into the following four steps.
1) Weighting on prediction results by n experts According to the situation of the accident point, each expert makes use of his rich experience to predict the required resources of the fault point. In order to make the prediction model with small prediction error have greater weight, the following method is used to design the weight of the prediction value of the ith expert.
where e i = D i − D R i ;D i is real data ; D R i is the prediction data of the ith expert. After weighted processing, the output of n experts is
2) Combined with the prediction of RBFNN and n experts, the final prediction data iŝ
where β RBFNN and β R are all weights, and they can be calculated by a similar method as Eq. (14) .
3) Retrain the RBFNN If there is a large error between the output data from Eq. (16) and the real value, the RBFNN will be retrained until the error requirements are met.
V. EMERGENCY RESOURCE SCHEDULING
In this section, a bi-objective optimization problem is formulated to efficiently and efficiently complete the repairing task. VOLUME 7, 2019 A. SHORTEST ROUTE A path planning method is applied below to design the shortest transportation route [33] of emergency resources.
To facilitate the discussion, a railway spur where at least two tracks meet is called a transfer node; the accident point is named as the fault node; and a repair center is called a repair node. If we assume there are w transfer nodes, one fault node, and h rescue nodes in a railway system, then the objective function can be written as
where sgn is the sign function; L ij is the distance between the ith transfer node (or the fault node) to the jth transfer node or the fault node; L fq is the distance between the qth transfer node (or the repair node) and the fault node. If the ith transfer node (or the repair node) can be directly connected with the jth transfer node (or the repair node), a ij = 1, otherwise a ij = 0. Similar to a ij , if the qth transfer node (or the repair node) can be directly connected with the fault node, b fq = 1, otherwise b fq = 0.
The following constraints need to be satisfied. 1) At least one repair node should be connected in the shortest path. 
2) The fault node must be in the shortest path
where i represents the sequence number of the ith fault point.
3) Set the direction of the path: Teams can only go from the repair center to the transfer point or directly to the fault point, and cannot return. To minimize the transportation cost, the following assumptions are made:
1) The types of the required emergency resource can be obtained by communicating with the fault point;
2) The resource storage of all repair point is known; and
3) The required resource is dispatched in one-time, regardless of the phased scheduling problem. Based on these assumptions above, the objective function for minimal transportation cost is given below.
where c qi is the cost to transport the ith kind of resource in unit distance from the qth point; x qi is the output of the ith kind of resources for the qth repair node; g is the total number of different kinds of repair resource; f represents the fault node; w is the number of transfer nodes; and his the number of repair nodes.
The above objective function needs to meet the following constraints.
1) The demand for all kinds of repair resources should be equal to the sum of repair resources transported from each repair centers.
where D j is the demand for the jth kind of resource.
2) The storage of all kinds of resources in all repair points should be more than the resource demand. 
where A qi represents the reserve of the ith kind of resource in the qth repair point.
3) Each repair center should have more resources than it needs to provide.
4) At least one repair center provides resources, and this repair center can transport its resources to the fault point. 
Moreover, we should also consider the solution when the chosen transportation route cannot be properly chosen. In this case, we have made the following improvements to the above path planning method: For example, when nodes i and j are not allowed to pass properly, the first step is to set a ij as zero and update the A; then, a new condition will be added in the corresponding constraints of the optimization problem, i. e., all elements used from A should be positive; finally, the elements of A matrix will be substituted into the constrained biobjective optimization problem, and the intelligent algorithm will be used to solve the optimization problem.
C. A FUZZY SUITABILITY EVALUATION PROCESS
Since there are often more than one repair teams at each repair center, a fuzzy evaluation method based on prospect theory is proposed in this subsection to identify a most suitable repair team for the repair task. The flowchart of the fuzzy evaluation method is as Figure. 4 . The specific evaluation method is divided into the following six steps [34] .
1) Construct a suitability evaluation factor set for rescue teams U = (u 1 , u 2 , u 3 , u 4 ), where u 1 is the handling efficiency of the team; u 2 is the maintenance efficiency of the team; u 3 is the safety detection efficiency of the road condition after the completion of the railway emergency repair; u 4 is the value of emergency repair prospects for each team based on the above three indicators.
The first three indicators are determined by past historical data. The fourth indicator u 4 is designed in this paper, which makes the evaluation results forward-looking to a certain extent, and u 4 can be determined as follows.
At first, we should assign weights for u 1 ∼ u 3 . In this study, the entropy weighting method [35] is used to assign the weights of the three factors. This method can assign higher weight to important factor. The weights are as Table 1 . Now calculate the prospect values of repair teams. The so-called ''prospect theory'' is a kind of decision theory of the decision-maker [36] . Through this method, the result of selection will be more forward-looking. In this theory, the core part is the prospect value, which is determined by the value function v(ξ ij ) and the weight function π(ψ i ). The equation of cumulative prospect value is given as
The corresponding equations are as follows:
2) Set up an evaluation set for rescue teams V = (v 1 , v 2 , v 3 , v 4 ), where v 1 represents ''very high''; v 2 represents ''high''; v 3 represents ''normal''; v 4 represents ''low''.
3) Construct the evaluation matrix R In this study, we determine the membership degree of each factor in different evaluation indicators through expert evaluation scores. After averaging the evaluation results of experts, the obtained result is given in Table 2 . All of the elements constitute the R, and the definitions of above parameter are shown in Appendix. Moreover, there is 4 j=1 r ij = 1. And there is
Please note that the number of experts required is different for different evaluation problems. Generally, the number of experts needed is proportional to the number of indicators evaluated [34] . Too many or too few experts will affect the accuracy of the final evaluation results. The specific number of experts can only be determined by repeated tests. The corresponding operation process is as follows: First of all, it needs to collect relevant historical data (i. e., the corresponding four categories of indicators for each repair team);
Then, the historical data of indicators will be sent to different experts for membership evaluation;
Now, it needs to calculate the average of the evaluation results of different numbers of experts, and determines the number of experts corresponding to the best results;
Finally, the current indicators will be sent to the selected experts for evaluation.
In this study, there are four categories of indicators to be evaluated, and the number of experts ultimately determined is also four.
However, according to B, we can only do qualitative analysis. In this way, we cannot determine the quality of each team's repair effect. Therefore, we convert the repair effect of each team into calculating the score of each team for quantitative analysis. 4). Calculate the score of repair team To complete the quantitative analysis, we first give the corresponding score vector S for each factor, and then calculate the specific scores of each team according to Eq. (31) .
So far, the evaluation process is completed.
D. DESIGN THE PROCESS OF EMERGENCY REPAIR FOR REPAIR TEAM
The following steps are proposed for railway breakage emergency repair.
1) The reconnaissance of the damaged track is completed by the reconnaissance team. 2) Protectors are dispatched to 800m on both sides of the destroyed section of the railway to send signals and set up stop signs in advanced to signal the train to stop urgently. This is to avoid more losses caused by another train passing through the faulty track. The task was accomplished by the protection team. 3) Remove damaged rails and fill subgrade to lay sleepers and new rails. The task is accomplished by the maintenance team. 4) Lay sleepers, fix them with nails, and lay new rails. The task is accomplished by the maintenance team. 5) Set the evaluation weight vector is A = {a 1 , a 2 , . . . , a n } The weight vector is mainly used to evaluate the impact of evaluation factors on the evaluation results. For different evaluation situations, the corresponding vector weights are different. In this paper, since we evaluate the suitability of the repair team, the weight we choose should satisfy the following conditions: a 3 > a 4 > a 2 > a 1 . The selection of weights is accomplished by expert evaluation method. The corresponding operation process is as below: First of all, we will rank the importance of these four indicators in the process of repairing to ensure that the weight of each indicator is proportional to its importance; Secondly, we will send the historical data related to these indicators to experts so that experts can evaluate the weight of these indicators; Finally, we will determine a 1 , a 2 , a 3 and a 4 by averaging the evaluation result of each expert. 
6) Construct the suitability matrix B
After obtaining A and R, we can calculate the corresponding suitability evaluation matrix B of each team, and then we can analyze which evaluation index is the most important for each team's emergency repair. The specific formula is as the Eq. (30) .
The rail after repairing is tested by means of gauge, leveling instrument and tower ruler. The task is accomplished by the detection team.
VI. EXPERIMENT STUDIES
In this section, three experiments are carried out: 1. Forecast the manpower and material resources needed to complete emergency repair; 2. Design the human resources and material resources needed by the three rush repair centers respectively. Moreover, we need to design the repair path for each team to drive; 3. Reasonable selection of human resources to be provided by repair centers. The specific experiment results are as Section VI-A ∼ Section VI-C.
A. EXPERIMENT 1: VERIFY THE EFFECT OF HYBRID PREDICTION METHOD
When some nodes in the railway are failing, we first need to predict the human and material resources needed for modification. This is also the basis for the completion of the follow-up repair process. Therefore, we have designed a hybrid strategy to complete the prediction work on resource. In this experiment, the historical data we involved are all from a certain area in North China. We also simulate the prediction results obtained by using RBFNN or expert prediction method only. The related weights of prediction results of expert evaluation and RBFNN can be calculated by the method in the Section IV − C. The related historical data are as Table 3 . The corresponding simulation results are as Figure 5 .
As can be seen from Fig. 5 , the prediction error obtained by expert prediction method is the largest (the maximum error is shown as Fig. 5. (h) , and the value is about 2.6). This is because the subjectivity of this method is very large, once some experts make a mistake in evaluation, it will cause a large deviation. In contrast, the prediction error obtained by RBFNN is smaller (see the maximum error in Fig. 5. (d) , and the value is 4m). However, it is still higher than the corresponding error of our proposed method. This is because that if the parameters of RBFNN are not selected properly, it cannot guarantee good prediction results. According to the observation, the prediction error of our proposed method is the smallest (see the maximum error in Figure 5 . (h), and the value is about -3). This is because our proposed method can reasonably select the best parameters of RBFNN and update these data in real time according to the prediction error. In addition, the output of RBFNN and the result of expert prediction are weighted, which further guarantees the prediction effect. To further quantitatively analyze the prediction effectiveness, we also calculate MASE and RMSE for the three methods respectively. The obtained errors are given in Table 4 . VOLUME 7, 2019 Compared with the other two methods, we observe that in terms of the prediction results of the required repair teams, our proposed method can reduce the MAE (RMSE) by 64% (0%) and 80.9% (46.14%), respectively; in terms of the prediction results of the required track material, our method can reduce the MAE (RMSE) by 50.9% (49.05%) and 38.64% (35.69%); in terms of the prediction results of the required repair devices, our method can reduce the MAE (RMSE) by 22.06% (21.10%) and 47% (46.48%); and in terms of the prediction results of the required detection devices, our method can reduce the MAE (RMSE) by −10% (−32.65%) and 60. 59% (48.78%). 
B. EXPERIMENT 2: VERIFY THE EFFECT ON PATH PLANNING AND RESOURCE SCHEDULING
In this study, we take the railway model in Figure 6 as an example to carry out the relevant case studies. As can be seen from this model, it includes a total of one fault point, three transit points and three repair centers. We can find that all three transit points are connected with the fault points. However, for these repair centers, only repair center 1 can be directly connected to the fault point. For this model, the experimental parameters involved are shown in Table 5∼7 .
In this experiment, we need to solve the bi-objectives optimization problem. The distances among fault point, transfer points and repair centers are as shown in Table 5 . The other related parameters are as Table 6 . Therefore, we design the weights of the two objective functions to γ 1 and γ 2 respectively to ensure that the optimization algorithm can be used to complete the solution (γ 1 + γ 2 = 1). In addition, we choose the initial available resource as follows: 1. Number of repair teams: three teams; 2. Required track material: 30 m; 3. Required repair equipment: three sets; 4. Required detection equipment: three sets. To simplify the experiment, we assume that all repair centers have sufficient resources. For comparison, we have also simulated three situations respectively: Case 1. We assume that the weights of the two optimization objectives are the same, and take their weights as 0.5 and 0.5; Case 2. We assume that we are more inclined to the path planning problem, so we set the weights to be 0.9 and 0.1; Case 3. We assume that we are more inclined to the resource scheduling problem, so we set the weights to be 0.1 and 0.9. For the three cases mentioned above, the simulation results are as Figure 7 ∼ Figure 9 . For the above three situations, the corresponding schemes of path planning and resource scheduling are given in Table 7 . Based on the above experimental results, we can find that in Case 1, the repair centers 1 and 3 are needed to work together. Moreover, the total path required for repair teams is 37.5 km. The corresponding resource scheduling cost is $1383750. In Case 2, we have paid more attention to path planning, therefore, the repair path we designed is 15 km, and the corresponding resource scheduling cost is $2132400. In Case 3, we have paid more attention to resource scheduling, therefore, the length of the designed path is 22.5 km, and the corresponding cost of resource scheduling is $1367175. In summary, we know that for different weighting factor choices, our method can always find the appropriate solution strategy.
The model in Fig. 6 and the path planning method proposed can be extended to different railway situations. The difference is that the parameters in A and the elements in Table 5 will be different. However, for different railway systems, the steps to construct the bi-objective optimization problem and its limitations are the same. In addition, we can also use intelligent algorithm to solve the optimization problem.
C. EXPERIMENT 4: VERIFY THE EFFECT OF FUZZY EVALUATION ON REPAIR TEAM
Step 1. Design the factor set Based on the designs in Section V. 4, the factor set is designed as U(u 1 , u 2 , u 3 , u 4 ), and the u 1 ∼ u 3 involved in this experiment are given in Table 8 . ii). Based on Eq. (29) and the obtained weight parameters in Table 10 , the calculated prospective vulnerability are as Table 10 . 
Step 3. Design the evaluation matrix From Section IV-C, the evaluation vector of the ith factor can be described as R i = (r i1 , r i2 , r i3 , r i4 ), and the matrix R 4×4 consists of four single-factor evaluation sets R 1 , R 2 , R 3 , R 4 and R 5 . The specific membership degrees are as Step 4. Select the weight vector In the evaluation work, the importance of each factor is different. To this end, we give each factor u i a weight a i . For all factors, their weights can be represented by A:A = (a 1 , a 2 , · · · , a 4 ). In the repairing process, the sequence of priorities listed from high to low are the safety of the railway after emergency repair, then followed by the prospect value of repair effect, the completion time of repair work, and finally the transportation efficiency. Therefore, we assign the following weights of these four factors: a 3 > a 4 > a 2 > a 1 . At present, there are many methods to determine these weights, such as expert evaluation method and analytic hierarchy process (AHP) method etc. Among them, the expert evaluation method can get the required data quickly and directly. Therefore, we apply this expert evaluation method to obtain A = (0.13, 0.22, 0.33, 0.32). Step 5. Obtain fuzzy evaluation vector After determining R and A, we can obtain the fuzzy evaluation vector B = A * R = (b 1 , b 2 , · · · , b n ). According to the Eq. (32), we can see that the repair effect of Team 1 and Team 3 are very high. However, this is only a qualitative analysis. We still cannot quantitatively compare which team has the best emergency repair effect. To solve this problem, we have compared the total scores of the three teams. The specific methods are as follows.
Step 6. Obtain the total scores of objective functions From equation (33) , the corresponding scores of factors are selected as S = [ 10 8 6 3 ] . Thus, we have determined that the scores of three teams are 8.0713, 7.0963 and 8.8049, respectively. In summary, when choosing repair teams, we should follow the following order: Team 3> Team 1> Team 2. So far, the fuzzy evaluation is completed.
VII. CONCLUSION
In this study, we have proposed an integrated repair strategy to solve these problems of resource prediction, resource scheduling and railway fault repair. A hybrid prediction combining with DDQL-based RBFNN and expert prediction method is designed to reasonably predict the resources needed for the fault point. A bi-objective resource scheduling method is proposed to minimize the total distance from resource dispatching centers to the fault point and to minimize the transportation cost. A fuzzy suitability evaluation process combining with prospect theory is presented to select the appropriate repair team for the repair work. In the experiment studies, Experiment 1 verifies that the prediction error of the proposed hybrid method is the lowest; Experiment 2 shows that the designed transportation path and resource scheduling plan can take into account two optimization objectives; while Experiment 3 illustrates that the fuzzy evaluation method can select the most appropriate repair teams to complete the repair work. APPENDIX r 11 -r 14 , r 21 -r 24 , r 31 -r 34 , and r 41 -r 44 , as shown at the bottom of the previous page.
